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Abstract
Occupancy networks aim to reconstruct the surroundings
with occupied semantic voxels. However, frequent object oc-
clusions often occur in dynamic real-world scenarios, which
cannot be captured by independent frames. Most existing oc-
cupancy networks generate results without explicitly consid-
ering past occupancy states and continuous visual changes
over time, limiting their temporal accuracy. We tackle it by
treating the task from a new continuous updating perspective,
which considers historical data and continuous motion clues.
We propose a new approach termed Continuous Motion clue
exploitation for Occupancy Prediction (CMOP), which incor-
porates three key designs: (i) Propagator: which forecasts fu-
ture occupancy states based on historical data; (ii) Tracker:
which updates the occupancy on a per-frame basis using dy-
namic visual motion information; and (iii) Fuser: which ag-
gregates results from the Propagator and Tracker into more
robust and accurate occupancy results. Experiments on sev-
eral benchmarks demonstrate that CMOP outperforms state-
of-the-art baselines.

Introduction
3D occupancy networks offer a comprehensive understand-
ing of complex and dynamic environments by reconstruct-
ing the surroundings with fine-grained geometry and seman-
tics (Cao and de Charette 2022; Huang et al. 2023; Li et al.
2023b; Pan et al. 2023). This task has found critical applica-
tions in various fields, including autonomous vehicles (Wei
et al. 2023b; Ma et al. 2024b) and robotic navigation (Liu,
Wang, and Yang 2024; Li et al. 2023a). Recently, it has been
the focus of extensive research in both academia and indus-
try (Inc. 2020, 2021; Corp. 2024).

To achieve precise and fine-grained quality of scene re-
construction, most off-the-shelf occupancy models (Huang
et al. 2023; Wei et al. 2023b; Cao and de Charette 2022;
Li et al. 2023b) typically process each frame independently
to identify and reconstruct objects within images, as shown
in Figure 1a. As illustrated in Figure 2, the first row shows
consecutive perceptions from a camera on the ego-vehicle,
while the second row displays the corresponding occupancy
results. It is clear that a vehicle obstructs the view of a pedes-
trian at time t2, resulting in missing occupied voxels and
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Figure 1: Illustration of different inference schemes of occu-
pancy networks. (a) Predicting individual occupancy using
the current frame; (b) Predicting current occupancy with the
help of multiple historical frames; (c) Forecasting multiple
future occupancy results through implicit motion extraction;
(d) Continuously updating occupancy results using both his-
torical results and explicit motion clues.

reduced temporal accuracy during this period. These meth-
ods follow a “detection” scheme, producing occupancy re-
sults independently either from individual frames or by us-
ing motion clues derived from multiple frames. However, in
dynamic scenarios, several objects may be occluded by oth-
ers or cannot be observed clearly at some time, and this may
cause inaccurate occupancy predictions.

Since the dynamic scene is changed continuously, the his-
torical information and temporal motion should be useful
cues to handle the above challenge. Several methods (Huang
and Huang 2022; Li et al. 2023c) attempted to leverage his-
torical data to enhance the accuracy of current occupancy
inference, as shown in Figure 1b. In addition, some recent
spacetime (4D) methods (Ma et al. 2024a; Khurana et al.
2023; Mersch et al. 2022) have attempted to implicitly learn
motion features from past frames to simultaneously forecast
future occupancy states in an end-to-end manner (termed
implicit forecasting, see Figure 1c). However, these methods
rely on historical observations to predict current (or future)
occupancy in a latent manner and fail to explicitly use past
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3D occupancy results and motion features as priors, which
could directly enhance 3D occupancy predictions.
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Figure 2: A typical example highlighting the importance of
continuous updating. Our method can enhance temporal ac-
curacy using both historical occupancy results and continu-
ous visual changes.

Hence, we introduce a new vision-based Occupancy Pre-
diction approach by exploiting Continuous Motion clues
(CMOP) to address the above problems from a new
“continuous updating” perspective. The key idea is to
leverage both historical data and live motion clues to pre-
dict up-to-date occupancy state, in a fast and adaptive way.
As shown in the last two rows of Figure 2, our CMOP
go beyond considers only historical occupancy results and
also takes into account continuous motion clues (optical
flow (Farnebäck 2003; Beauchemin and Barron 1995)). Op-
tical flow provides explicit pixel-level guidance, captur-
ing the apparent motion changes in the occupancy results
through a vector field. By leveraging this combined informa-
tion, our CMOP exploits the continuous visual changes and
advances occupancy states iteratively, leading to more tem-
porally accurate reconstructions of the surroundings. Specif-
ically, the general pipeline of CMOP comprises four compo-
nents: (i) a standard occupancy inference network (OccIn-
fer) that generates an initial occupancy result; (ii) a Propa-
gator module that forecasts future occupancy results based
on implicit motion clues inherent in historical data; (iii) a
Tracker module that updates the occupancy on a per-frame
basis with explicit dynamic visual motion information; and
(iv) a Fuser module that adaptively aggregates occupancy
results and dynamic motion features at each prediction step.

The main contributions of this paper are three-fold:

• A new occupancy inference scheme that performs in a
continuous updating manner.

• A lightweight framework (CMOP) that effectively lever-
ages motion clues from both historical occupancy results
and explicit optical flow for more temporally accurate oc-
cupancy results.

• Extensive experiments that validate our method could
achieve SOTA performances on several benchmarks.

Related Works
Vision-based scene reconstruction
The process of vision-based scene reconstruction primarily
involves transforming original multi-camera observations
into a more concise and structured format, while retaining
the inherent scene geometry. This is accomplished through
four possible approaches: (i) Depth-based maps (Wei et al.
2023a; Xu et al. 2023; Ju et al. 2023), which explicitly de-
lineate the relative spatial distances between various objects
and surfaces; (ii) Neural Radiance Fields (NeRF) (Li, Wang,
and Tan 2024; Li, Gou, and Tan 2024; Wang et al. 2024),
which work as an implicit function to predict the opacity
and color field of sampled points in 3D space; (iii) Bird’s
Eye View (BEV) (Li et al. 2022; Yang et al. 2023; Liang
et al. 2022), which transforms the perspective into a top-
down view, providing insights into the geometric size and
spatial location of objects; (iv) Volumetric occupancy (Wei
et al. 2023b; Huang et al. 2023; Li et al. 2023b), which
yields detailed semantic labels associated with each occu-
pied voxel.

3D volumetric scene reconstruction
3D scene reconstruction aims to estimate the geometry, se-
mantics, and spatial structure of objects within a scene,
while also define their positions and relationships in 3D
space (Cao and de Charette 2022). Both indoor (Sun et al.
2021; Bozic et al. 2021; Gao, Mao, and Liu 2023) and out-
door (Wei et al. 2023a; Huang et al. 2023; Yan et al. 2021)
scene reconstruction have achieved great progress, the dif-
ference is that the ego-vehicle can move fast and the objects
are frequently obscured or appearing. Due to the increas-
ing demand for high-fidelity input visual images and fine-
grained outputs, some works (Yu et al. 2023; Tang et al.
2024) aim to optimize the network architecture and the
learned latent space. In this paper, we opt to solve the in-
herent challenge of temporal accuracy through a novel con-
tinuous updating perspective.

Occupancy forecasting
Occupancy forecasting aims to predict future occupancy
states beyond the current time. The past few years have
witnessed the prosperity of occupancy forecasting on the
Bird’s-Eye-View (BEV) occupancy grids (Casas, Sadat, and
Urtasun 2021; Hu et al. 2021; Mahjourian et al. 2022). The
advent of spacetime (4D) occupancy forecasting has further
advanced the field. Some 4D methods focused on sensor-
level prediction (Lu et al. 2021; Mersch et al. 2022), which
can be voxelized to future occupancy result, while others
directly predict the future rendered occupancy in an end-
to-end way (Ma et al. 2024a). However, existing 4D occu-
pancy forecasting methods simultaneously forecast future
occupancy states based solely on historical observations, ne-
glecting to explicitly utilize past 3D occupancy results and
continuous visual changes as priors. If this combined infor-
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Figure 3: CMOP framework. CMOP can work in the following two ways: (a) Single updating: CMOP acts as a refinement
tool with one-step updating (Ninfer = 1). (b) Expanded updating: CMOP performs continuous updating over Ninfer = 3 steps.
Within CMOP, Propagator takes historical occupancy results generated by OccInfer as input to forecast future occupancy states,
Tracker utilizes continuous motion clues (optical flow) to iteratively update occupancy results. Fuser adaptively aggregates
results from Propagator and Tracker to generate a more accurate and robust result.

mation is fully utilized, it could directly enhance the tempo-
ral accuracy of occupancy predictions.

CMOP Design
Overview
The objective of our method is to perform updating for
each time step throughout the inference window of OccInfer
based on both historical occupancy results and continuous
motion clues. The length of OccInfer’s inference window is
defined as Ninfer. Figure 3 illustrates our key designs and
two types of running procedures. The left image shows a
single updating of CMOP while the right shows an example
of extended updating over Ninfer = 3 steps.

The basic operational workflow of our method is as fol-
lows: OccInfer is periodically invoked every Ninfer steps.
When a new inference cycle begins, both Propagator and
Tracker also initiate, operating in parallel with OccInfer.
Propagator forecasts future occupancy results based on the
three most recent historical occupancy results generated by
OccInfer. Tracker leverages continuous visual changes to in-
crementally update occupancy states based on optical flow.
Then, Fuser adaptively aggregates results at the time when
both Propagator and Tracker are ready to generate a more
accurate and robust occupancy.

Notably, as Ninfer increases, OccInfer can periodically
deliver fresh results to minimize accumulated errors. Also,
since Ninfer controls the frequency of calling OccInfer, a
larger Ninfer results in more continuous updating using

CMOP, thereby balancing performance and efficiency. For
a more generalized symbolic representation, let T and t be
the steps for inference and updating processes, respectively.
The inference window spans from T0 to T+1, which in-
cludes Ninfer time steps. Discrete subscripts specify particu-
lar steps, with “0” representing the first step in the inference
window.

Occupancy propagator
Propagator extracts motion-related features from three con-
secutive occupancy results generated by OccInfer. Each
occupancy result, denoted by [Õt0

T−3
, Õt0

T−2
, Õt0

T−1
], has di-

mensions of C × W × L × H . These dimensions repre-
sent the number of semantic categories, width, length, and
height, respectively. Initially, residual changes are identified
through the element-wise subtraction of adjacent occupan-
cies. Following this, a shared Occ Encoder (Φocc

prop) is ex-
ecuted to learn a lower-dimensional motion representation.
The encoder uses four convolution (CNN) layers with ReLU
nonlinearity to downsample residual occupancies into ab-
stracted feature map, denoted by Fo ∈ Rc×w×l×h. This map
is then further processed by a fully-connected (FC) layer fol-
lowed by layer nomalization (LN) and ReLU nonlinearity to
reduce the dimension of Fo into fo ∈ RNmot×1.

In practice, given the known relative translation and ro-
tation matrices between two time steps, we compose these
matrices along channel dimensions to form a new trans-
formation matrix, denoted by TF ∈ RNtf×1. This matrix
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indicates the ego-vehicle’s 6-Degrees of Freedom (6-DOF)
changes over time, which can be treated as the query to dis-
till the motion feature fo. Therefore, a TF Encoder (Φtf

prop)
is used to project TF into an attention score fs ∈ RNmot×1

with Sigmoid activation. Then, the historical motion feature
can be obtained as:

Mprop =Φmlp
prop

([
Φocc

prop[Õ
t0
T−2

− Õt0
T−3

]⊗ Φtf
prop[TF

′′]
]

c⃝[
Φocc

prop[Õ
t0
T−1

− Õt0
T−2

]⊗ Φtf
prop[TF

′]
])

,

(1)
where Φmlp

prop is used to aggregate motion features from two
intervals. ⊗ and c⃝ are element-wise multiplication and con-
catenate operations, respectively. TF ′′ and TF ′ represent
the transformation matrices linking T−3 to T−2 and T−2 to
T−1, respectively.

Based on the extracted historical motion features Mprop,
Propagator uses the Long Short-Term Memory (LSTM) net-
work (Van Houdt, Mosquera, and Nápoles 2020) to predict
subsequent motion features M ti

prop:

hti+1 = LSTM
[
M ti

prop;Mprop;h
ti
]
, (2)

M ti+1
prop = MLPprop

[
hti+1

]
, (3)

where the first input M t0
prop for the LSTM is set to Mprop.

Then, M ti
prop is updated in sequence with an continuous time

step ti using Eqs. (2) and (3).
The Occ Offset Decoder (Υprop) with a symmetric struc-

ture of the Occ Encoder is utilized to lift the future motion
features to 3D occupancy offsets ∆OP

ti+1

T :

∆OP
ti+1

T = Υprop

[
M ti+1

prop

]
. (4)

These offsets are progressively overlaid on the newly ob-
tained occupancy Õt0

T−1
to generate the final propagation re-

sults, denoted by OP
t∈{t0,··· ,t5}
T :

OP ti
T = Õt0

T−1
+
∑
i

∆OP
ti+1

T . (5)

Occupancy tracker
The Tracker module is responsible for handling incremen-
tal occupancy updating, using the optical flow (OF ). As
shown in Figure 3, CMOP takes as input the latest updating
occupancy result at time step ti and its subsequent optical
flow OF ti:ti+1 . To be specific, We employ the Occ Encoder
Φocc

track, which has the same structure to that in Propagator,
to abstract occupancy into fotitrack. Then, during the pro-
cess from time step ti to ti+1, we perform downsampling
on the vehicle’s multi-camera images under the coefficient
0 < F < 1, followed by per-pixel motion estimation (Brad-
ski and Kaehler 2008), thereby acquiring the optical flow
OF ti:ti+1 . Subsequently, we use the OF Encoder (Φof

track)
to extract OF into an transient motion guidance feature
fd ∈ RNmot×1. The OF Encoder includes three CNN layers
and ReLU nonlinearity. The feature fd then serves as key in
the TF distillation operation:

M
ti
track = Φof

track[OF ti:ti+1 ]⊗ Φtf
track[TF

ti
T0
], (6)

where Φtf
track has the same structures as that in Propagator.

We use independent encoders for each camera’s input to en-
hance performance, thus producing M ti

track ∈ RNmot×6.
Next, we leverage Cross-Attention to extract the interac-

tive features of the current Occupancy across six cameras.
Specifically, M

ti
track acts as the key and value, while fotitrack

serves as the query. The output of Cross-Attention is denoted
by M ti

track. In this way, the implicit correlation between oc-
cupied voxels and motion features can be learned. Then, the
same decoding structure utilized in Propagator is deployed
to lift the motion feature M ti

track into the 3D occupancy off-
sets ∆OT

ti+1

T0
:

∆OT
ti+1

T0
= Υtrack

[
M ti

track

]
. (7)

The occupancy offsets are aggregated into the current oc-
cupancy OT ti

T0
to generate the updated result:

OT
ti+1

T0
= OT ti

T0
+∆OT

ti+1

T0
. (8)

Note that, due to error accumulation, the initial occupancy
input for Tracker in a new inference window is a fused oc-
cupancy derived from Fuser (elaborated next).

Occupancy fuser and optimization
Propagator relies on historical data to forecast future occu-
pancy, while Tracker performs step-wise updating guided by
transient visual changes. Therefore, these two results can be
further merged to achieve a more robust and accurate re-
sult. We use lightweight CNNs to adaptively learn the fusion
weights of their respective results at every time step:

Ôti
T0

= Wfinal

[
Wprop[OP ti

T0
]⊕Wtrack[OT ti

T0
]
]
, (9)

where Wprop, Wtrack, and Wfinal are learnable CNN pa-
rameters of fusion weights. As depicted in Figure 3, for the
first-step fusion of Propagator and Tracker, the result from
Tracker is specified as the occupancy from the final time step
in the preceding window.

By following the convention (Wei et al. 2023b; Cao and
de Charette 2022; Yu et al. 2020), cross-entropy loss (Lce),
and semantic and geometry affinity losses (Lsem and Lgeo)
are employed to supervise the learning of forecasted occu-
pancy, denoted by L = Lce +Lsem +Lgeo. Then, Propaga-
tor, Tracker, and Fuser modules can be jointly trained in an
end-to-end manner by optimizing occupancy results at every
updating time step within the current inference window:

Ltotal =
1

Ninfer

∑
i

λsep(L(OP ti
T0
,

∗
Oti

T ) + L(OT ti
T0
,

∗
Oti

T ))

+ λfuseL(Ôti
T0
,

∗
Oti

T ),
(10)

where λsep and λfuse denote the coefficients associated with
the loss from the separate and fused results, respectively.

Experiments
Experimental settings
Targets and evaluation metrics: The experiments are
performed to accomplish the following three targets:

8863



Models IoU ↑ mIoU ↑ Time (s) ↓
MonoScene 23.96 7.31 0.87

Atlas 28.66 15.00 0.48
TPVFormer 30.86 17.10 0.32
BEVFormer 30.50 16.75 0.34
RenderOcc 29.20 19.00 0.67

SurroundOcc 31.49 20.30 0.34
IMVT3D 31.85 18.88 0.51

Cam4DOcc 33.72 21.73 0.91
BEVDet4D 34.92 23.91 0.72

MonoScene
+CMOP

38.42
+14.46

16.38
+9.07

0.90
+3.4%

SurroundOcc
+CMOP

40.94
+9.45

22.71
+2.41

0.37
+8.8%

BEVDet4D
+CMOP

42.83
+7.91

24.01
+0.10

0.75
+4.1%

Table 1: Comparison of occupancy prediction processed in a
frame-by-frame fashion using different SOTA methods. All
methods are trained with the same GT for a fair compar-
ison. Enhanced results are bolded and reduced results are
underlined. The best performance of each metric is high-
lighted with a gray background.

• To validate the occupancy accuracy of CMOP when com-
pared to the state-of-the-art (SOTA) methods, the widely-
used metrics (Cao and de Charette 2022; Wei et al.
2023b), i.e., intersection over union (IoU) and mean IoU
(mIoU) of all semantic classes, are used for evaluating
the accuracy of all occupied voxels. The results are pro-
vided in Table 1, where Ninfer = 1.

• To assess the temporal accuracy of different inference
schemes, we introduce the averaged IoU (IoU) and aver-
aged F1 score (Goutte and Gaussier 2005) (F1) to mea-
sure the temporal accuracy of occupancy results across
long-duration scenes. These metrics span from the first
frame of OccInfer to the end of each scene’s horizon.
The inference window Ninfer is set as 3 and 6 frames.
The results are provided in Table 2.

• To verify the effectiveness of our key designs in CMOP,
we perform ablation studies, as shown in Tables 3 and 4,
using IoU and F1 metrics when Ninfer = 6.

A higher value of the metrics indicates a stronger agree-
ment between the predicted occupancy and the GT.

Dataset: The nuScenes benchmark (Caesar et al. 2020)
along with dense occupancy ground truth (GT) labels (Wei
et al. 2023b) are used for evaluation. There are six camera
views, each offering a perception shape of 1600× 900× 3.
The unlabeled intermediate frames from the “sweeps” folder
in the nuScenes dataset are utilized to calculate the opti-
cal flow (Bradski 2000). TF matrix, with Ntf = 6, can
be obtained by subtracting the translation and rotation ma-
trices of adjacent frames and then concatenating the results
through the channel. The occupancy output shape is fixed

at W = 200, L = 200, H = 16, with every occupied voxel
measuring 0.5 meters. Accordingly, the occupancy scope for
both sides width and length ranges from -50 m to 50 m, and
the vertical height varies from -5 m to 3 m. The occupied
voxels’ value signifies the semantic class identifier, which
encompasses C = 17 distinct classes (class 0 denotes unoc-
cupied voxels). Following the official dataset split rule (Wei
et al. 2023b), 700 and 150 scenes are employed for the train-
ing and testing phases, respectively. Each scene has a maxi-
mum scenario length of 40 frames.

Implementation details: All experiments are conducted
on 4 Nvidia A100s, and deployed on the Nvidia Jetson AGX
Orin. The downsampled factor F of optical flow is set to 3
and the dimensions for the latent motion features Nmot is
set to 100. The abstracted occupancy feature map is fixed at
32× 9× 9× 1. The tradeoff coefficients of losses λsep,fuse

are initially established at 0.4, and 0.2, respectively. To en-
sure efficient optimization, λsep is reduced progressively
with a step-wise decay rate of 0.99998. Conversely, λfuse

increases, maintaining the sum of all coefficients at 1. More
detailed settings can be found in the supplementary material
and the publicly available code repository1.

Comparison with the state-of-the-art
Comparison on occupancy accuracy For this task, we
conduct a comparative analysis of CMOP with a variety
of SOTA methods, including individual predicting methods,
MonoScene (Cao and de Charette 2022), Atlas (Murez et al.
2020), TPVFormer (Huang et al. 2023), BEVFormer (Li
et al. 2022), RenderOcc (Pan et al. 2023), SurroundOcc (Wei
et al. 2023b), IMVT3D (Ming et al. 2024), and a history-
aware method, BEVDet4D (Huang and Huang 2022), and
an implicit forecasting method, Cam4DOcc (Ma et al.
2024a). For BEVFormer and BEVDet4D, a 3D segmenta-
tion head is appended to the original output to predict se-
mantic occupancy. Besides, since the official Cam4DOcc
model forecasts four future occupancy results, we use the
first forecasted result for comparison. We selected two “de-
tection” scheme methods for integration with our CMOP:
MonoScene, a pioneering baseline, and SurroundOcc, a
SOTA method. Additionally, we included BEVDet4D, a
history-aware SOTA approach, to ensure a comprehensive
evaluation. All methods are trained using the same GT. The
results are shown in Table 1.

It is clear that the history-aware BEVDet4D method out-
performs all baselines in terms of accuracy but is more time-
consuming compared to most individual predicting methods
(e.g., SurroundOcc). This is because BEVDet4D enhances
the current occupancy inference by incorporating data from
both the current and historical frames. On the other hand,
Cam4DOcc predicts future frames solely based on historical
data, leading to suboptimal performance and increased in-
ference time. Though CMOP introduces a slight increase in
inference time of 0.03 seconds due to the additional compu-
tations, integrating CMOP into the baseline methods signifi-
cantly enhances IoU and mIoU by refining their preliminary
occupancy results.

1https://github.com/kyoran/CMOP
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Models Ninfer = 3 Ninfer = 6
IoU ↑ F1 ↑ IoU ↑ F1 ↑

MonoScene 17.89 29.27 13.34 24.91
SurroundOcc 23.82 38.11 21.10 34.46

BEVDet4D 32.54 44.71 29.33 42.98
Cam4DOcc 30.01 42.53 28.48 40.14

MonoScene
+CMOP

26.16
+8.27

38.40
+9.13

22.75
+9.41

35.94
+11.03

SurroundOcc
+CMOP

34.11
+10.29

49.13
+11.02

31.56
+10.46

46.71
+12.25

Table 2: Comparison of occupancy prediction across varying
inference lengths using different SOTA methods. Enhanced
results are bolded. The best and second-best performances
of each metric are highlighted in gray background.

Comparison on temporal accuracy In this task, we high-
light the effectiveness of the continuous updating idea used
in CMOP by comparing it with two 3D occupancy predic-
tion methods, MonoScene (Cao and de Charette 2022) and
SurroundOcc (Wei et al. 2023b), a history-aware method,
BEVDet4D (Huang and Huang 2022), and a 4D occupancy
forecasting method, Cam4DOcc (Ma et al. 2024a). To en-
sure a fair comparison, the same GT is adopted for training.
We test these methods under varied inference window, i.e.,
3 and 6 frames. The 3D methods perform occupancy net-
works intermittently with inference delay and reused the de-
layed results in the inference window. BEVDet4D is adapted
to process iteratively, using previous latent features to fore-
cast future states with a 3D semantic head. We also modify
the prediction head of the Cam4DOcc model to align with
our settings: to predict the next 3 or 6 frames in the future.
We pair CMOP with two methods of the “detection” scheme
(MonoScene and SurroundOcc).

The results presented in Table 2 show that 3D occupancy
prediction methods exhibit low accuracy, as they do not per-
form continuous updating during inference intervals. This
makes them strongly affected by outdated data. In contrast,
methods like BEVDet4D, Cam4DOcc, and CMOP, which
incorporate historical data, achieve significantly better per-
formance. In particular, BEVDet4D enhances performance
at each timestep by using historical latent features, while
Cam4DOcc predicts future occupancy only based on his-
torical camera images without considering continuous vi-
sual changes. Conversely, compared to history-aware pre-
dicting (BEVDet4D) and implicit forecasting (Cam4DOcc),
our SurroundOcc+CMOP performs the best and brings per-
formance gains in both IoU and F1 across two inference
delay settings, owing to updating occupancy using both his-
torical prediction and continuous visual changes.

Ablation study
Table 3 illustrates the impact of each module on the per-
formance improvement over the baseline with an inference
window of 6 frames. M0 denotes the OccInfer baseline that
simply performs SurroundOcc (Wei et al. 2023b) periodi-

Idx. OccInfer P T F IoU ↑ F1 ↑
M0 ✓ ✗ ✗ ✗ 21.10 34.46

M1 ✓ ✓ ✗ ✗ 25.56 40.49
M2 ✓ ✗ ✓ ✗ 26.38 43.61
M3 ✓ ✓ ✓ ✓ 31.56 46.71
M4 ✗ ✓ ✓ ✓ 29.41 45.12

Table 3: Ablation study of the key modules in our CMOP.
(P=Propagator, T=Tracker, F=Fuser)

cally with a 6-frame interval and ignores continuous updat-
ing. For frames between inferences, M0 reuses the most re-
cent inference result. It is clear that M0 suffers from long
inference delays and thus produces relatively low accuracy.
We use it to show a lower bound of accuracy as a result
of having no predictive ability. M1 and M2 denote predic-
tive methods that utilize historical data and real-time visual
changes, respectively. Their respective results validate the
effectiveness of M1 and M2. Then, Propagator and Tracker
combined can enhance the accuracy of occupancy based on
the adaptive fusion of Fuser, as shown in M3. Finally, in
M4, we use the results from Fuser every 6 frames as the
historical occupancy input in Propagator (i.e., removing Oc-
cInfer). This led to a drop in performance, indicating that
periodically using OccInfer can effectively prevent error ac-
cumulation during prolonged updating.

Idx. Type of visual info. IoU ↑ F1 ↑ Time
(ms) ↓

D1 Intermediate frame 21.49 8.75 N/A
D2 Frame difference 24.86 37.19 0.6

D3 Histogram of
oriented gradients 28.51 40.59 13.9

D4 Optical flow 31.56 46.71 28.4

Table 4: Ablation study of different visual information.

Table 4 depicts the impact of different dynamic visual in-
formation inputs into Tracker. Since the nuScenes dataset la-
bels data at 2Hz, we can utilize intermediate frames between
labelled timesteps to compute various types of dynamic
visual information. Here, we compare four types: origi-
nal intermediate frames, frame difference (Singla 2014),
histogram of oriented gradients (HOG) (Dalal and Triggs
2005), and optical flow (Farnebäck 2003). It is clear that
D1 has the lowest performance. This is mainly due to the
abundance of irrelevant information in intermediate frames,
making it challenging for the visual encoder to extract pre-
cise motion features, especially given the compact size re-
quirements of the visual encoder. Frame difference provides
residual motion images but still struggles with distilling ir-
relevant distractors from the image, resulting in a subopti-
mal performance as shown in D2. In D3, we concatenate
sequential HOGs from static image patches to describe mo-
tion directions, offering a compact and concise motion rep-
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Figure 4: An example of CMOP.

resentation. While HOG shows some improvement over D2,
its performance remains limited due to the less detailed mo-
tion features and difficulty in correlating consecutive frames.
Therefore, we employ optical flow (D4), which achieves the
best performance in temporal accuracy with pixel-level mo-
tion directions while maintaining a satisfactory computation
time of less than 30ms.

Efficiency analysis
The last column of Table 1 shows the inference time on
Nvidia RTX 3090. All baseline models operate under the
same settings, receiving input from six multi-cameras, each
with a resolution of 1600× 900× 3. The output occupancy
dimension remains fixed at 200×200×16. When Ninfer = 1,
CMOP takes slightly more time than the baselines, requiring
only about 30 ms. Since our method works in a plug-and-
play fashion, when combined with the baseline method, it
increases the time overhead by no more than 5%.

Besides, to highlight our efficiency and feasibility, we de-
ploy it alongside SurroundOcc (Wei et al. 2023b) on the
Nvidia Jetson AGX Orin, which is widely used in real-
world autonomous vehicles and edge services. The infer-
ence time of SurroundOcc is 0.912 seconds, whereas CMOP
takes only 0.068 seconds. This means that within the in-
ference window of SurroundOcc, our method can perform
over 13 steps of continuous updating. In addition, due to our
lightweight design principle, the Orin board can readily ac-
commodate the two models running concurrently.

Case analysis
In Figure 4, we demonstrate an example of CMOP on an ur-
ban road. We conduct CMOP between the 19th frame and
the 25th frame, with Ninfer = 6. Figure 4a displays the
occupancy results at the 19th and 25th frames, while Fig-
ure 4b shows the sequential optical flow images captured by
the front-left and front cameras during this period.

According to the definition of vector field of optical
flow (Beauchemin and Barron 1995), the vehicle in Fig-
ure 4b shows a quick leftward departure from the frame,
while the pedestrian gradually moves to the right. By lever-
aging such explicit motion clues, it is clear that the jaywalker
and the vehicle on the opposite lane (marked in circles) are
visually aligned with the perception with accurate relative
positions. We also note that additional noisy voxels appear
on the right lane after updating of CMOP, thus further opti-
mization is needed.

Conclusion
We present a new occupancy inference approach (CMOP)
from a continuous updating scheme. Different from existing
methods, we combine both historical occupancy results and
continuous motion clues to track occupancy changes in a fast
and iterative way. CMOP is a lightweight solution (CMOP)
which can work like a plug-and-play module that works with
other baselines. Within CMOP, Propagator and Tracker re-
spectively predict occupancy based on two unique motion
characteristics: historical motion patterns and continuous vi-
sual changes. Subsequently, Fuser adaptively aggregates re-
sults from Propagator and Tracker to generate a more ro-
bust and accurate occupancy. Experimental results validate
the effectiveness of CMOP, highlighting its superior balance
between performance improvement, time efficiency, and en-
hanced temporal accuracy.

Limitations and future work Our continuous updating
approach fundamentally relies on the implicit correlation be-
tween occupied voxels and optical flow features. However,
similar to the prevalent works, the instance-level motion fea-
tures are not factored in, potentially leading to the “blank
holes” within the object instances. At this stage, the rela-
tionship between object instances and voxels presents a chal-
lenging that we plan to tackle in our future research.
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